The objective of our study is to use data from every scale for reservoir characterization and eventually reservoir simulation. The current area of study is Woodford Shale in Oklahoma. Due to enormous pay zone and thus oil and gas reserves, Woodford Shale is the center of attraction for major oil operators in Oklahoma currently.
Introduction and Methodology
The use of estimations and modeling of Geological, Geochemical and Geomechanical properties in hydrocarbon explorations is vital to optimize the production and minimize the costs of a reservoir. This goal is achieved by assessments of rocks behavior under subsurface temperature and pressure stresses, mainly based, on rock-mechanics experiments and calculation with well log data.
In order to obtain the elastic properties of a rock sample and experience the experimental process, we conducted the calculations applying the well logs in the study area that were vertically completed along the whole Woodford Stratigraphic section (Density, Density-Porosity, P-wave velocity well logs). We then applied the literature expressions of Woodford Shale elastic and poro-eslastic properties equations published by Sierra-Perez (2011) of the PoroMechanics Institute at the University of Oklahoma: Young's modulus, Poisson's ratio, bulk modulus, K, and the shear modulus, G. Figure 1 show our workflow for this study. We use the well logs to derive geomechanical and petrophysical properties and then seismic inversion derived impedance volume to propagate the well log derived properties. We then use these properties in an inhouse developed software attribute assisted seismic interpretation (AASPI) software to use unsupervised clustering methods such as SOM, GTM and K-means clustering. We identify a total of four type curve areas based on these clustering methods. We extract small sub-models from these areas for simulation. Figure 1 . Workflow used in this study. We derive the petrophysical and geomechanical properties from the well logs. Seismic volume is first used for post-stack seismic inversion and then used to propagate the geomechanical and petrophysical properties. These properties along with seismic volume is used for unsupervised clustering using SOM, GTM and K-means clustering. These clusters are then used to define four TC areas. Each of the type curve areas are then used separately for simulation. Cardott (2009 and 2012) and Jarvie et al (2005 and 2007) characterized the Woodford Shale as a prolific gas and oil shale reservoir in the world, therefore, there is a specific interest to characterize the possible occurrence of internal stratigraphic variations for recognizing highly restricted intervals within this open marine mudstone.
Geology of Woodford Shale
This formation is from Upper Devonian-Lower Mississippian age, and its principal lithology has been described as an organic-rich black shale with intercalations of chert, siltstone, sandstone, dolostone, and light-colored shale (Slatt et al., 2011; Molinares, 2013; Turner, 2015) . In addition, laminations of reddish-brown clay, greenish clay and organic matter with scattered siliceous concretions are also present in the formation (Kirkland et al., 1992; Comer, 2007) .
The Woodford Shale unconformably overlies the limestones and dolomites of the Hunton Group (Silurian-Devonian age) and grades conformably into fine-grained silty limestones interbedded with thin layers of dark-gray shales from the Sycamore Formation (Figure 2 ; Perry, 1995 in Portas, 2009 Slatt et al., 2011) . Cardott (2012) emphasizes that the Woodford Shale has a series of stratigraphic equivalents that extend over central and Eastern United States (e.g. Chatanooga Shale, Arkansas Novaculite, Antrim Shale, Bakken Shale, New Albany Shale, Marcellus Shale) that represent the global marine transgression which occurred during the Late Devonian (Figure 3 ; Sullivan, 1985; Kirkland et al., 1992; Northcutt et al., 2001; Comer, 2005; Slatt et al., 2011; Cardott,2012) . 
Procedures for estimating the Woodford Shale geomechanical properties
Reservoir geomechanics is the integrated study of the state of stress, pore pressure and physical properties of reservoirs, natural fractures/faults, cap rocks and the formations in the overburden. It provides a context within which to understand the interactions between Geological conditions and engineering and production practices. The primary parameters controlling these interactions are the state of in-situ stress, rock strength, bedding orientation and properties, pore pressure, distribution of fractures and faults, wellbore trajectory, and mud weight. The state of stress in a hydrocarbon reservoir is defined in terms of the vertical stress (Sv) and the two mutually perpendicular horizontal stresses (SHmax and Shmin). We applied the equations proposed for the Woodford shale by Sierra-Perez (2011) . In our study, we used P wave (Vp) and S wave(Vs) velocities, we applied the Castagna (1986; 1993) relationship.
Dynamic Moduli from Velocities
In order to compute the elastic properties of the sample using the dynamic measurement we need to calculate the sample density ( ) directly from the RHOB well log. For P wave calculation, we used 21 wells in the area of study.
With the P-wave and S-wave velocities we have calculated using the arrival times and the sample density, we can compute the Young's modulus (E), Poisson's ratio ( ), bulk modulus (K) and shear modulus (G) as follows:
for shale intervals.
for dolomite-rich intervals.
Tensile Stress.
The mechanical properties we used in our geomechanical modeling are the Fracture Gradient and Fracture Toughness variations for the zones of interest. We estimated these mechanical properties using the well logs from the study area, and reasonable estimates from the gas shale and rock mechanics literature (Havens, et. al., 2010; Wang et. al., 2011) . The equations used are the following:
Fracture Toughness
Minimum horizontal Stress

Fracture Gradient
The in-situ pore pressure (P P) within gas shale like the Woodford Shale is very difficult to measure accurately due to its very low intrinsic permeability. The P P is often assumed to be roughly equal to the mud weight when there is neither gas intrusion nor loss of circulation at that weight.
Total Organic Carbon (TOC wt%) calculations in wells and seismic volume
As a proposed workflow for determining the geological and internal organic facies variations, the TOC was calculated in six wells of the study area applying the Passey (1990) and Schmocker (1979 and 1981) methodology, additionally the seismic attributes were extracted, and the impedance inversion computed for obtaining a TOC volume propagated along the seismic reflexion coefficients that varies depending upon rock properties. The model-based inversion workflow begins with a low frequency background geological model that it is modified until the error has been minimized between the synthetic created by that model and the original seismic data (Figure 7 ). The Passey (1990) The main objective for generating a model-based inversion of the Woodford Shale was to identify vertical and lateral facies changes that may help delineate TOC bearing deposits (Figure 8 and Figure 9 ), where high TOC correlates with low P-Impedance areas. The Woodford shale has the lowest impedance due to its low velocities and low densities (Figure 8 and Figure 9 ). The initial P-impedance model revealed a higher vertical resolution and lateral impedance changes within the Woodford shale (Figure 8 ).
The generated seismic TOC volume was then applied to the reservoir modeling to populate laterally and vertically the calculated TOC and Density-Porosity in wells using collocated co-kriging as part of a sequential gaussian simulation of the petrophysical properties ( Figure 12 ).
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Applied 3D seismic Unsupervised machine learning techniques for reservoir characterization
The Woodford shale seismic characteristics in the study area make this formation amenable to semiautomated interpretation using seismic attributes as an input to machine learning algorithms and promises to be a very effective way to accelerate the interpretation from a more homogeneous background (Woodford shale top is a seismic through [negative amplitudes], and Woodford shale base is a bright Seismic reflector [ Figure 5] ). Because seismic attributes are quantitative measurements of both amplitude and geometry, a key component to machine learning is determining which seismic attributes best differentiate a feature of interest from the background. The self-organizing maps (or SOM) simply organize the input attributes in a manner that voxels with similar characteristics (input attributes) are grouped and colored similarly. The algorithm does what it is supposed to do, it organizes the data and finds patterns without any constrain or bias (Figure 11 ). The main challenge for interpreters in applying SOM and similar algorithms to seismic data is the attribute selection. The 3D seismic attributes that were input for the SOM are RMS amplitude, dip azimuth of the seismic traces, P-Impedance, Most Positive Curvature, Most Negative curvature and Peak Frequency. Similar colors correspond to similar rock facies as seen on Figures  9 and Figure 10 The focus of our seismic interpretation has been on applying and comparing different machine learning methods including multilayer perceptron network, self-organizing maps, support vector machine, K-means, generative topographic maps (Meldahl et al., 2011; Roy and Marfurt, 2013; Snyder, 2016; Zhao et al., 2016; Qi et al., 2016) respectively. According to Infante-Paez (2018), in seismic interpretation, self-organizing maps (SOM) is a clustering technique that extracts similar patterns across multiple seismic attribute volumes and displays those similarities as a color-coded map (Figure 10 ), with similar colors representing clusters that a human interpreter can visualize as similar facies . Infante-Paez (2018) highlights that the input attributes to feed the SOM are of three types: attributes that highlight the continuityhow layer cake the reflectors are-(homogeneity and entropy), the amplitude (peak magnitude) and the frequency (peak frequency) of the target patterns. These attributes are extracted from the raw amplitude data using software developed at the University of Oklahoma AASPI consortium.
Geological Characterization Results
The following stratigraphic well log correlation and maps correspond to the Geomechanical and Organic Matter properties of the interest interval of the middle Woodford member (Figure 12 ). We use the PImpedance inversion volume and SOM volumes to propagate our reservoir properties applying the collocated co-kriging in a sequential gaussian simulation algorithm (Figure 9 , Figure 10 and Figure 11 ).
The main zones of interest for the Woodford shale in the study area are the ones with high TOC, low Fracture Gradient and Fracture Toughness. These screened intervals are then considered for the step of reservoir performance simulation.
The identified zones of interest are local areas where we performed reservoir simulation using public Industry standards of operations and completions in vicinity areas. We recognized as geological factors to include in the simulations the calculated geological and geomechanical reservoir properties Young Modulus, Poisson Ratio, Shear Modulus, Biot Modulus, the content and variability of Organic Matter with the Calculated and Modeled TOC volume. 
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Reservoir Simulation
We have selected four type curve areas for simulation in our study based on the seismic and well logs derived clusters. We use a 5,000 Ft. lateral length of the wells in our area to perform our simulation based on most accepted industry standards in vicinity areas. To fully capture the fluid effects, we use a fully compositional rich condensate representative PVT in the area. We use the same fluid in all the areas as the primary aim of this study is to identify the type curves based on reservoir properties that can be known ahead of the drilling and not the fluid properties which can vary and alter the Recovery Factors (RF's).
For geomechanical coupling, we use a fully coupled Barton-Bandis model (Bandis et al., 1983 ) in a dual porosity setup. Figure 13 shows the conceptual implementation of this model in which the permeability of the natural factures is coupled in the model as the minimum effective stress. As the injection is carried out in a typical hydraulic fracturing scenario, the minimum effective stress decreases, eventually increasing the permeability of the natural fractures. Tran et al., 2009) . Initially the bottom hole conditions are at the beginning point. As injection continues, the effective stress decreases and at certain point when it reaches the minimum stress, the natural fracture opens and the permeability increases. As injection stops and well is put on production, due to fluid withdrawal, the permeability decreases again due to increase in stress. The well ultimately reaches a permeability of Kfmin and continues to produce at that permeability. In our case, we keep the Kfmin = 25 mD for the fractures.
As the injection is stopped, the effective stresses increase thus leading to closure of the natural fracture system reducing to a lower permeability. The initial high permeability corresponds to the flash production in the wells while the latter stable permeability corresponds to the long-term production in the wells (10 to 20 years).
We used a Poisson's ratio map, Young's modulus map etc. from our previous reservoir characterization to initialize our simulation. For completion, we choose a typical completion in Woodford shale and keep it constant for all four areas along with fluid and the lateral length of the well. The Figure 14 shows the well bottom-hole pressures during injection. Notice the fall in BHP's after the natural fractures are open. Figure  3 show the cumulative production, BHP and gas rates after the well is put on production. . on the left: gas rate, BHP and cumulative gas for Area 1 well. Gas oil ratio for area 1 well.
The initial high bottom-hole pressure (BHP) show the injection as the well is hydraulically fractured. The expected ultimate recovery is considered as the five years' cumulative gas and condensate production respectively.
We repeat the same procedure for all the areas. Table 1 show the oil EUR's for four areas. Notice the dramatic difference in EUR's in all areas. As completion and fluid is kept constant in the study, the change is attributed to the reservoir characterization only. In this case, a high resolution comprehensive characterization including petrophysical and geomechanical properties in the reservoir can add enormous value in identification of high value areas, lateral landing zones and well interference studies and ultimately well spacing optimization.
Area
Oil EUR (MBO)  1  1802  2  1624  3  803  4 729 Table 1 show the oil EUR's for four areas.
Summary and Conclusions
From previous geological analysis the zone with best reservoir properties such as porosity, permeability and thickness in the middle Woodford shale member was zone 3.
As expected Young's modulus showed higher values in the dolomitic reservoir of the upper-middle Woodford shale intervals than other areas of the Woodford shale stratigraphic sequence.
The results show multi-attribute analysis provide a better way to populate the geocellular model instead of individual seismic attributes and hence we illustrate multivariate way of property modeling. Geomechanical simulation provides a robust way to model gradual closing of fractures and hence a time variant "shrinking" simulated rock volume instead of conventional history matching with multiple permeability zones. Our natural fracture model along with hydraulic fractures provide a better way to observe the pressure distribution in the area and can be used to optimize well spacing or future enhanced oil recovery (EOR) projects.
This study identifies geological sweet spots and type curves in the Woodford shale along with major facies. We provide a sound physical basis to generate robust models as a reference solution to base the type curves. As our workflow is integrated from seismic to simulation it provides a general guideline for operators to scale their models from well logs to seismic and use good of both worlds. We include tight boundary conditions to base our methodology and hence we provide more confidence level on type curves to estimate the reserves for the operators
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